
P R A T I Q U E C L I N I Q U E

Part 1 of this series1 introduced some of the basic
concepts used in assessing diagnostic accuracy: 
reliability, validity, sensitivity and specificity. This

article examines 2 additional concepts: predictive values and
receiver operating characteristic (ROC) analysis.

Predictive Values
By quantifying the sensitivity of a diagnostic procedure (see

Part 1 of this series1) it is possible to determine one operating
characteristic of that procedure to establish if a patient has the
disease in question. Determining the specificity allows assess-
ment of another operating characteristic of the procedure to

determine if the patient does not have the disease. Sensitivity
and specificity are relatively independent of the prevalence of
a disease (the pretest probability that an individual patient has
the disease), and therefore these parameters are generally stable
for the same procedure administered in different study popula-
tions. In other words, sensitivity and specificity are inherent
properties of the test. They are useful for comparing proce-
dures and for deciding which test to use in a particular clinical
setting. However, these values are not of great assistance to the
clinician who wants an answer to one of the following
questions: “I have a positive test result for this patient. 
How likely is it that the patient actually has the disease?” 
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Alternatively, “I have a negative test result for this patient.
How likely is it that the patient is healthy?” Sensitivity and
specificity do not aid in interpreting the result of a particular
procedure for an individual patient; they do not help in ruling
in or ruling out the disease once the results of the test are
known, and so they have no predictive value. To answer these
more practical questions, the predictive values of the diagnos-
tic procedure must be determined.

The predictive values are easily derived from the contin-
gency table described in Table 1. The positive predictive value
(PPV) is the likelihood that the patient actually has the disease,
given a positive test result.2 The negative predictive value
(NPV) is the likelihood that the patient does not have the
disease should the procedure result be negative. Whereas the
values for sensitivity and specificity depend only on the 
operating characteristics of the procedure itself, the PPV and
NPV vary according to the prevalence of the disease. Thus,
predictive values cannot be quoted without prior knowledge of
disease prevalence in the population from which the estimates
are being derived. In other words, PPV and NPV are not quali-
ties of the procedure itself; rather, they are functions of both
the characteristics of the procedure and the environment in
which it is being used. Classic examples of the effect of preva-
lence on PPV and NPV have occurred where screening has
been performed in “nontarget” populations, e.g., HIV tests in
the general population. In this example, the prevalence of HIV
infection was so low in the general population that the
accuracy of PPV and NPV values was lower than random
designation of individuals as infected or not infected.
However, when the same screening procedures were applied to
high-risk populations, they were highly effective in identifying
those with the infection.

Sensitivity and specificity describe the results of a procedure
in a dichotomous way.3 For example, should a given tooth be
extracted or not? Should this restoration be placed or not?

However, many clinical procedures are not dichotomous, 
such as probing of periodontal pockets and assessment of
radiographs for caries; with these procedures, a range of
features must be examined to produce a degree of certainty
regarding the presence or absence of disease. It is possible to
assess the effectiveness of these tests, without simply imposing
an arbitrary threshold, by using a technique known as receiver
operating characteristic (ROC) analysis.

Receiver Operating Characteristic Analysis
The use of ROC analysis has increased rapidly over the past

30 years, in particular following the publication of a landmark
textbook by Swets and Pickett.4 Early in its development,
ROC analysis was conceived as an extension of signal theory,
used by radar operators to appraise the strength of signals
identified. Many of the early medical applications of ROC
analysis were in the field of radiology, where subjective results
are recorded on a rating scale. Today, the expansion of ROC
analysis into the evaluation of a wide variety of diagnostic
procedures yielding numeric results indicates its acceptance
and its many applications.

ROC analysis is based on a graphic representation of the
reciprocal relation between sensitivity and specificity, calcu-
lated for all possible threshold values. When sensitivity and
specificity are analyzed jointly, a threshold score or cut-off
must be set to divide patients into 2 categories: those
presumed to have the disease and those presumed not to have
the disease. A test scored on a continuous scale (i.e., not
dichotomous) does not have just one value for the combina-
tion of sensitivity and specificity; rather, it has a range of
values, with various possible cut-off points. Because reporting
only one sensitivity–specificity pair may give an oversimplified
picture of the performance of the diagnostic procedure, it is
more useful to describe the entire range of values; plotting each
pair of scores on an ROC plot is a good way to do this.

The true-positive probability (sensitivity) is plotted as a
function of the false-positive probability (1 – specificity), for
the entire range of cut-off points. The resulting ROC curve
provides a graphic summary of the range of decision thresholds
for the test. As the curve approaches the upper left corner of
the plot, the true-positive fraction (TPF) approaches 1 (perfect
sensitivity) and the false-positive fraction (FPF) approaches
zero (perfect specificity); the closer the curve to the corner, the
greater the overall accuracy of the test. The ROC plot also
allows the results of 2 or more different tests to be graphed
together, allowing a visual comparison of the performance of
the tests. An example of an ROC analysis is shown in Figs. 1a
and 1b. Each of the numbered threshold values shown in 
Fig. 1a corresponds to an operating point on the ROC curve
of Fig. 1b. When a high diagnostic threshold is used (point 1),
all patients are determined to be nondiseased, which results in
a zero value for both TPF and FPF. This situation connotes
perfect specificity (100%) and is exemplified by the operating
point in the lower left-hand corner of the ROC curve 
(Fig. 1b). When a very low diagnostic threshold is used 
(point 5), all patients are determined to be diseased, both 

Table 1 A 2 × 2 contingency table illustrating
the outcomes of a comparison between
a diagnostic procedure and a gold
standard and the use of these values to
calculate negative and positive 
predictive values

Gold standard result

Positive Negative Total

Positive True positive False positive TP + FP
(TP) (FP)

Procedure Negative False negative True negative FN + TN
result (FN) (TN)

Total TP FP FN + TN
+ FN + TN + FP + TP

Sensitivity = TP / (TP + FN)
Specificity = TN / (FP + TN)
Positive predictive value = TP / (TP + FP)
Negative predictive value = TN / (FN + TN)
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TPF and FPF are 1, specificity is 0%, and the operating point
appears in the upper right-hand corner of the curve (Fig. 1b).
The other threshold values represent intermediate points of
specificity and sensitivity between these 2 extremes.

An ROC curve represents the relation between sensitivity
and specificity (and hence is a test to determine these values)
when clinicians are allowed a degree of uncertainty in their
decision-making not afforded in dichotomous decisions.5 The
method is equivalent to repeatedly asking clinicians to make
simple, dichotomous decisions but with different treatment
attitudes or thresholds. An example of this situation was
presented when dentists were asked to assess caries in 2 groups
of patients, one group who would return for re-evaluation in
6 months and a second group who would not return for a
clinical exam until 2 years later.6 In these 2 situations, a differ-
ent decision might be made on the basis of the same clinical
picture. Dentists may be more aggressive in their treatment of
a hypothetical patient with poor attendance for follow-up
than for a patient whom they can monitor regularly.

The discriminative ability of a procedure is defined by the
distributions of diseased and nondiseased patients. The
overlap of these groups determines the shape and position of
the ROC curve. A straight line from the lower-left corner to
the upper-right corner (shown in red in Fig. 1b) describes a
procedure in which the diseased and nondiseased distributions
overlap completely and the TPF and FPF are equal at any
threshold. This procedure has no discriminative value and is
worthless. A perfect procedure has no overlap between the
distributions of diseased and healthy patients and would result
in the straight line shown in green in Fig. 1b.

Area under the Curve
In addition to the relative simplicity of this visual represen-

tation of test accuracy, it is possible to perform quantitative
analysis yielding summary indices of the discriminatory
accuracy of the test. The most common summary index is the
area under the curve (AUC), that is, the area under the ROC

curve. The AUC is a measure of the accuracy of a diagnostic
procedure and is frequently used for comparisons between
procedures or observers.5,7 With statistical software, it is easy
to compute and test multiple AUCs for significant differences
by means of z-scores (univariate).8 ROC curves can be gener-
ated for each observer in a study, the corresponding AUC
values calculated and the results compared. It is also possible
to pool data from various observers and produce a single ROC
curve. If there are different groups of examiners, the AUCs can
be compared to identify differences between groups, typically
by means of a paired t-test. Some authors have stated that
pooling results to create ROC curves can be misleading, in
that it ignores the effect of case sample variation,9 but this
issue has been addressed by ensuring that each examiner
assesses the same cases.

In the example illustrated in Fig. 1b, the AUC for the
procedure that yields no discriminative value (represented by
the red diagonal line) has a value of 0.5 or 50%. It is no better
than random assignment of positive and negative results (e.g.,
by flipping a coin). The ROC line for a perfect procedure,
represented in green, has an AUC of 1.0 or 100%. The results
from diagnostic procedures used in real life fall between these
2 extremes. The closer the AUC value is to 1.0 or 100%, the
more accurate the procedure.

Conclusions
In the first 2 articles of this series examining diagnostic

procedures and their operating characteristics in dental
practice, the statistical methods and models for determining
the accuracy of procedures have been described, along with
their use for dichotomous, continuous and multiple-threshold
data. Armed with knowledge of these procedures and the
applications that will be outlined in the next 2 articles of the
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Figure 1a: Results of a diagnostic test performed in a patient
population. Each numbered, coloured line (1 through 5) represents a
threshold value that could be used as a diagnostic cut-off.

Figure 1b: Receiver operating characteristic (ROC) curve for these
data. Each numbered point on the ROC curve relates to the
corresponding threshold shown in Fig. 1a. The horizontal green line
represents a perfect procedure, with no overlap between the
distributions of diseased and healthy patients. The diagonal red line
represents a procedure for which the diseased and nondiseased
distributions overlap completely, a procedure that would have no
discriminative value. TPF = true-positive fraction, FPF = false-positive
fraction.
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series, readers will have a better understanding of diagnostic
tests and the weight that can be afforded to the results of those
tests. In particular, the third article will describe dental
diagnostic procedures that have been assessed with ROC
analyses; examples of such procedures or equipment include
conventional10 and digital11 radiography, electronic caries
monitors,12 optical caries detectors,13 plaque detection,14

periodontal diagnosis15 and sialography.16 The use of ROC
analysis may lead to a reduction in the use of some procedures
and perhaps an increase in the use of others.

The final 2 articles in the series will describe novel
techniques that may be introduced to dental practice in the
future and will attempt to gauge whether such innovations are
likely to represent any improvement over existing 
clinical approaches. C
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